Future of data mining is the social network mining, especially in connection with the web pages, will incorporate the network timeline that are generated with social network extraction. This approach we use to deal with dynamic and process of evolution in networks. Although there is an increasing interest about the social network analysis, but a little of them has a significant impact to social substructures mining. Therefore this paper proposes the mining of social network based on unit analysis in social network analysis to build a network: vertex and edge. In study we used multiple regression to determine the relations of resources of networks, but we explore naturally formal relation of vertices and edges like leadership of an author, and then we explained in experiments. So there is the role of each actor in the social networks.
INTRODUCTION
Extracting the social network is a relative approach which is formed through modal relations that depends heavily on the co-occurrence for representing relations between individuals, groups or organization [1] . The extracted social networks are a resultant from the methods of social network extraction, whereby social network analysis (SNA) is a process to support data mining for providing a means of discovering structural patterns in network, or in simple is an extracted social network mining, i.e. an extraction of structure social is intended to examine relationships between actors.
In the social sciences, SNA developed from a conjecture of anthropologist's observations about relation in the face-to-face groups and mathematical graph theory [2] , [3] . Unlike conventional social network generating, automatic extraction of social network from the web dealing with everything that can be changed because dynamically web contains enormous amount of information of social actors and clues of relations among them. On the web, we can always find new actors and add vertices to the resultant network, but also occasionally we can't find old actors whereby their representation on vertices we can eliminate it. In other words, we may create new connection between actors or disconnect originally between them. Moreover, traditional SNA only consider the structural characteristics of a social organization [4] , [5] , but no information about vertices and edges in a unit analysis that is of practically importance for explaining the dynamism of a network. Therefore, this paper is aimed at extracting roles of social actor individually in a network or to mine the properties of relationships between actors. In this case, the evolutionary mechanisms as guide to a type of social structures that expresses roles of an actor in social organization. This paper based on the conceptual bridge from the literature, cognitive structure, and presentation, thus the remainder of this paper consists of a review and motivation, an approach but it include some proofs of formulas, and experiments based on social network extraction.
II. RELATED WORK AND MOTIVATION
Well known method for extracting social network automatically from web is the superficial method [6] , [7] which exploit search engines for obtaining web pages related to the participating actors, and subsequently calculate the cooccurrence measure [1] . In dynamic context, this method collects information about ties between all pairs (dyads) where a tie connects a pair of actors by one or more relations, thus full network data give a complete picture of relations in the population. Moreover, a social network can be modeled very naturally by a graph G<V,E> whereby SNA uses an approach to visualize a network that consists of vertices in V as a set of actors and edge e as a set of relations for all e in E [8] . In statistical literature, the researchers model a social network as a Cartesian product of n actors for generating their relation.
Cartesian product can be represented as an nxn matrix M [9] . e ij = m ij in M is 1 for all e ij in E, if two actors a i and a j are adjacent for all a i , a j in V, 0 otherwise. If matrices M is asymmetric, then the relations are represented as the directed edges, e ij <> e ji [10] . A social network therefore grows with O(n 2 )$, where n is the number of actors.
We considered that social networks are as the resources, i.e. actor/vertex, relation/edge, web/document, or connection/path [11] . Here, the contents of web pages are the dynamic 978-1-4673-8460-5/16/$31.00 ©2016 IEEE information sources. Therefore, a resultant social networks from extraction methods will be very complex, and then the social structure from network be difficult for understandable. Unfortunately, based on the complete graph potentially there are also a number of the undirected edges n pue as follows n pue = n(n -1)/2, (1) and the computational complexity possible be O(nm), m < n. So, to achieve a goal, it is desirable to extract social network based on several vertices by time, in order to a learning can give description about the evolution of vertices growth in the networks and to mine the properties of social networks.
In line with superficial method, we developed an approach by using the association rule to enhance the method for extracting social network from special web pages [12] . In SNA the size, density, degree, reachability, distance, diameter, and geodesic distance are some properties of social networks [13] . We use some of them for defining centrality.
Definition 2. The degree of a vertex can be measured by the directed and undirected edges,
where e in E of graph G.
Centrality based on degree is one of measurements as a property of the single vertex within the network to evaluate reachability or the importance. In other words, the degree of a vertex is the number of vertices to which it is connected, or the degree of a vertices v i in graph G by d(v i ), i = 1,…,n.
Definition 3. The closeness centrality C c (u) defines a measure that indicates how close a vertex u is to every other vertex in the network. Let d(u,v) is a distance between two
Based on Definition 3, the closeness centrality measure does not rely on the direct connections solely, but on the indirect connections between vertices also. Therefore the closeness is a measure for the efficiency of person to reach any other person in a network, but also for their independence within the network [14] .
In this paper we are only interested in connected graphs because we study the organizational form of groups in which the actions of individuals are coordinated.
III. AN APPROACH TO THE MINING OF SOCIAL NETWORK
For mining a dynamic social structure, we extract a social network into subgroups, each of which is a sub-network where a set of vertices exists, and then we extract relations between subgroups. A well-defined social actor, i.e. an actor with the name disambiguation is clearly [15] , [16] , is as a seed for extracting partially a social network [17] . In this case, a seed generates some actors from information source such as a web page, or a vertex be adjacent with other vertices. It is to see topological properties of networks: A social network extraction based on multiple points by time, i.e. an approach that needs the representations formally so that enable to analyze the networks data by employing computer [18] .
Extracting a social network based on the seed variable and the year variable for example will give the timeline of social network, and then the social network timeline can be used to see an evolution snapshot of social structure where there are a list of events in chronological order, but this is to understand events and trends for a particular subject, a description of the relationship between the seeds, vertices, and the presence of edges whereby each vertex possess the roles [19] . Like substructure mining to determine the provenance graphs [20] , we use the multiple regression as an evolutionary mechanism for predicting a form of social network, i.e. yields y is now to be regressed against one or more factors, and the relationship in multiple regression is
In general that there is relation of y to x i , for instance i = 1,2, we have the multiple regression of y against x 1 and x 2 :
Dividing this equation by x 1 2 , we get a total relation tr as follows [21] .
A principle of unit analysis of networks such as number and size of vertices and their connections can explain some behaviors of network as a whole. Among of them based on the centrality are most interesting properties in social structures for decision making in an organization: leadership, bonding, and diversity. Let us assume that a graph G without the isolated vertex. We redefine them in star-or complete-graph for deriving and proving some formulas to explore the organization of social actors. Let G t is a sub-graph of G and G t is a tree on m vertices. If one vertex exist with degree m -1 in G t , then the graph G t is a star graph.
Proof. Let G contains n vertices. If m = n -1, G t is a star graph trivially, by ignoring the vertices with 1< d(v)< m. If m < n -1, but m is the greatest degree, there are one or more vertices possess d(v) > 1 and based on Definition 4 G t be a star graph by eliminating all vertices with d(v) > 1 from G or by reducing their degree until 1. 978-1-4673-8460-5/16/$31.00 ©2016 IEEE Corollary 1. Let G is a graph with n vertices. If there is one dominant vertex of high degree v in G v and G v are subset of or equal to G, then G v is a candidate of the star graph.
Proof. A direct consequence of Lemma 1.
Definition 5. Let G is a star graph on n vertices. Leadership L can be captured by the star graph G if there is one dominant vertex of high degree d(v) = n -1, v in G. Definition 6. For G n star with d(v) = n -1, n >= 3. The independence of an actor to another can be measured by
Based on Eq. (1), Corollary 1 and Definition 4, the independence level of leadership is il = n s /n pue (7) where n s is a number of edges in star graph G n star is subset of G.
Definition 7. Let G n comp is a complete graph order with n. The bonding B of group members implies a sub-graph topology with high connectivity, with the complete graph K 2 as the limited case.
The independence level of group can be measured by ig = n g /n pue ( 8 ) where n g is a number of edges in a graph Gn g is subset of G. Definition 8. Diversity D aims to include small groups of members that linked weakly.
One case as an example, we take from Fig. 1 (c) for explaining some of previous statements. The network (c) consist of 6 vertices and 8 edges, the largest degree is m = 5, and then we have a closeness centrality of a seed like C c = 1/5 = 0.2. The network (c) is a star-graph if we reduce degree of other vertices until d(v) = 1, but we have complete-graph in network (d). In 2001, independence of an actor "Tengku Mohd Tengku Sembok" based on Eq. (6) is 0.33, while level of leadership is 8/(n(n-1)/2)=0.53.
In almost all of cases, the networks have several hundred or more vertices, and potentially edges are extremely difficult to countable as in the academic social networks. We describe this in an experiment using a rule for extracting social network based on seeds and then to mine the extracted social network as extracting behaviors of social structure.
IV. EXPERIMENTS
Based from the aforementioned approach and Definition 1, we build the social network for some seeds with a rule as follows. In Rule 1, tit is a title and ur is an URL address of a snippet for a query q with an actor name. Let keyword = DBLP, we have one pattern of URL address http://dblp.unitrier.de/db/indices/a-tree/h/tlv:tfv for an actor a in A, where h is first character of token of last name (tlv) of a in A and tfv is other token of name a in A. Based on time attribute in DBLP web page we obtain a network timeline for each actor [12] . For example, an academic social network for a professor in Faculty of Information Science and Technology (FIST) Universiti Kebangsaan Malaysia (UKM), see Fig. 1 . Exploring academic research cooperation of an institute is to mine a kind of social network which is formed as a result of academic communication where relations include co-authors and project cooperation in a research group. The identities of academic 978-1-4673-8460-5/16/$31.00 ©2016 IEEE actors are like the relations among them. In this case, academic actors consist of Professors (Pr.), Associate Professors (AP.), Lecturers (L.), and Graduate Students (S.), or we called them as scientists. A network timeline of an actor (Fig. 1 ) tells a history of social structure: An actor as vertex on a time is in diversity ( Fig. 1 (d) for example) where the actor be connector of two small groups. The next years, there are one or more bonding ( Fig. 1 (e) showed two complete graph SG1 and SG2) in the network where the actor as connector, but for sure is that the network will grow be a candidate of the star graph (see Fig.  1 (g) and Fig. 1 (h) ). This is an evolutionary mechanisms of academic social networks individually based on a seed [19] . We present results with the extracted social networks of more than 100 DBLP web pages for 73 academic actors of FIST UKM and some names disambiguation. To keep the simple exposition, we divided the actors in this experiment into the criterion of research groups and academic degree (see Table I ), and give two estimation values in multiple regression models for each category (Table II) . First criterion consists of categories: DMO (Data Mining and Optimization), IC (Industrial Computing), KT (Knowledge Technology), MSU (Multimedia Software and Usability), PRe (Pattern Recognition), SIS (Strategic Information System), SS (Service Science), STP (Software Technology and Programming), and second criterion is Professor (Pr.) and Associate Professor (AP.). Table I tells that the level of independence in a group show stronger than others, but viewed from the level density (number of vertices and number of edges in network) is much lower. For example the researchers groups: KT and PR. In other example such as Pr. versus AP., we obtain independence level of AP. in group is high, but individually independence level of Professor (Pr.) is much better (see Table III ).
In an evolutionary mechanisms context, for each category, i.e. the slope relating to vertices yields actors as seed and their papers (p) was found to be b 1 and b 2 in Table II , while the slope relating edges y yield to triple factors (seed-paper-node) was found to be b 1 , b 2 and b 3 in Table III . Test at the 5% level the null hypothesis that yield is unrelated to factors. Since = 0 is excluded from / included in the confidence interval, we reject / receipt this null hypothesis, and conclude that vertices is indeed related to papers, and edges is relatively related to vertices. Therefore, we can use the results for predicting of vertices and edges for finding out the independence level for subsequent years. In order to measure relation between social structure and substructure that is indicated by resources of social networks: seeds, vertices, papers, and edges. We use a network of resources whereby each vertex represents one of resources, while weight of each edge is b i of multiple-regressions: Model 1 (for Pr.) with x 2 against x 1 that is
Model 2 (for Pr.) with x 3 against x 2 and x 1 that is
and Model 3 (for Pr.) with y against x 3 , x 2 and x 1 that is y = b 0 -2.832x 1 -1.171x 2 + 5.071x 3 where x 1 , x 2 , x 3 represent seeds, papers, and nodes, respectively. By modifying Eq. (5), from x 1 to y there are two paths: The direct path from x 1 to y and the indirect paths (x 1 x 2 x 3 y, x 1 x 2 y, and x 1 x 3 y). Direct effect of x 1 on y is -2.832, indirect effect via x 2 or x 3 is (-1.171)(0.363) + (5.071)(0.158) + (5.071)(1.035)(0.363) = 2.281, and total effect tr = -0.551$. For other research groups in Table II , the triangle via x 2 or x 3 possess the structure and the calculations are similar. Thus, from x 1 to y there are many paths that it is helpful to work with them systematically so that nothing is missed, and average of all direct effects for all research groups is -9.774 while average 978-1-4673-8460-5/16/$31.00 ©2016 IEEE of all indirect effects is 11.401 and average of total effect is 12.180. Or based on all seeds we obtain the relation between papers and seeds as follows
as direct effect or 6.381, whereas indirect effects are pass through x 2 is -7.741, through x 3 is -5.332, and go by x 2 and x 3 is 24.879, so that we have the total effect 18.187.
Direct effect of the seeds to the existence of edges in social networks is negative for each research group. This is caused by the direct effects of seeds toward the presence of new social actors who build edges either in a research group or through members of other research group (Table I and III) . In general, the indirect effect of seeds on growth edges in social networks is positive as illustrated by any research group, whereby Professors and Associate Professors are seeds that create indirect social network, with which each group of researchers has properties of its own independence (Table I , II, and III). For example, historically, seen in Fig. 1 (e, f, g, h) , after a few years will arise groups of other researchers who came from that seed.
V. CONCLUSION
In this study we presented an analysis and mining the social structure from the extracted social network based on classification of information sources in the Web pages. The mining considered to be useful to create a history of social structure and predicting their behaviors in various roles: centrality, leadership, bonding, etc. The research approach has showed that the co-author relationships are valuable information in the process of computing the importance in the growing of vertices and edges of social network. The evaluation of the impact of factors in academic social network such as papers role based on some coefficients of multiple regression has influence to growth of social network. The future works we define relations between resources of social network and SNA.
